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Bootstrap Confidence Intervals
Chapter 9 Objectives

e EXxplain basic ideas behind the use of computer simulation
to obtain bootstrap confidence intervals.

e Explain different methods for generating bootstrap samples.

e Obtain and interpret simulation-based pointwise parametric
bootstrap confidence intervals.
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Bootstrap Sampling and
Bootstrap Confidence Intervals
A Simple Bootstrap Re-Sampling Method
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Scatterplot of 1,000 (Out of B =10,000) Bootstrap
A Simple Parametric Bootstrap Estimates * and 6* for Shock Absorber
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Weibull Plot of F(t;ji,5) from the Original Sample
(dark line) and 50 (Out of B =10,000) F(t;u* c*
Computed from Bootstrap Samples for the
Shock Absorber
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Bootstrap Confidence Interval for p

e With complete data or Type II censoring,
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has a distribution that does not depend on any unknown

parameters. Such a quantity is called a pivotal quantity.
e By the definition of quantiles, then
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e Simple algebra shows that

w, Al=1I[p— 2Ly S - 2, 1y 5
provides an exact 95% confidence interval for u. With other
kinds of censoring, the interval is, in general, only approx-

imate.

Bootstrap Distributions of Weibull z* and Nm* Based on
B=10,000 Bootstrap Samples for the Shock Absorber
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Bootstrap Confidence Interval for o

e With complete data or Type II censoring,
log(6*) — log(5)
SClog(5+)
has a distribution that does not depend on any unknown
parameters. Such a quantity is called a pivotal quantity.

Ziog(5+) =

e By the definition of quantiles, then
Pr AN_OQAM*VAQ\E < N_OQAWU < N_OQAWJC\Q\MVV =1—-«
e Simple algebra shows that
le, &l=1[6/w, &/u]
provides an exact 95% confidence interval for o, where w =

€XP |ZIg(5+) )y /2 SClog(5) | AND @ = €XP | 210g(5+) 5, SClog (5)
With other kinds of censoring, the interval is, in general,
only approximate.

Bootstrap Distributions of ¢*, Z;., and N_ooﬁm*v Based
on B=10,000 Bootstrap Samples

Bootstrap Estimates Bootstrap-t Untransformed
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Bootstrap Confidence Interval for F(tc)

e With complete data or Type II censoring [using F = F(t.)],
__logit(F*) — logit(F)

VA
logit(F* So .

oit(F™) mm_oQ;Aﬁ*v

has a distribution that does not depend on any unknown
parameters. Such a quantity is called a pivotal guantity.

e By the definition of quantiles, then
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e Simple algebra shows that
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where provides an exact 95% confidence interval for F, where w =

mwc%w,ooi?: ) umm@exm# m:a.@ = exp Toe.:m.v: SClogit(P) With other
kinds of censoring, the interval is, in general, only approx-
imate.
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Bootstrap Distributions of F(t.)*, ch%: and
N_oezm?«,z for t.=10,000 km Based on B=10,000
Bootstrap Samples
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Bootstrap Confidence Interval for ¢,

e With complete data or Type II censoring,

log (%) — log(tp)]

>Clog(#)
has a distribution that does not depend on any unknown
parameters. Such a quantity is called a pivotal quantity.

Ziog(y) =

By the definition of quantiles, then

P (toa@) e/e) < G0 < 0a)a0rm) =1
Simple algebra shows that
tp. &l = llp/w, /W]

provides an exact 95% confidence interval for tp, Where w =

#109(E5) (1-a/2) 109 () 109 (E5) (o /2y > Cl09 (Ep)
With other kinds of censoring, the interval is, in general,
only approximate.

exp and w = exp
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Bootstrap Distributions of ¢, Z and N_om_w for
g P

te=10,000 km Based on B=10,000 Bootstrap Samples

Bootstrap Estimates
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